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UTILIZING A CONSUMER-GRADE CAMERA SYSTEM TO QUANTIFY SURFACE
REFLECTANCE
Joseph John Lehnert, M.A.
University of Nebraska, 2017
Advisor: Arthur I. Zygielbaum

Consumer-grade camera systems are often employed in aerial remote sensing to
provide insight into patterns and processes of interest to science and industry, a trend that
has largely been encouraged by the rapid growth of the small unmanned aircraft system
(sUAS) industry. However, little research exists on the ability of these systems to
accurately measure surface reflectance in specific wavebands, a crucial consideration for
many remote sensing applications. This research was conducted on the premise that with
proper equipment and calibration techniques consumer-grade cameras would be capable
of accurately measuring surface reflectance in user-defined wavebands of interest. A
stereo-pair, Fujifilm IS Pro camera system was constructed and fitted with specialized
filters to isolate wavebands related to vegetative features of interest. Multi-colored foam
swatches and turf grass nitrogen calibration plots were imaged in a number of
environments. Images were subsequently processed using linear calculation, vignette
correction, and reflectance adjustment. Image reflectance values were then compared to
Ocean Optics 2000+ reflectance captured at the same location and the coefficient of
determination (r2) was used to determine the degree of similarity between the two
systems. Turf plot reflectance was used to calculate the red edge Chlorophyll Index
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(CIred edge) from both instruments and these values were also compared using r2. Foam
swatch comparisons resulted in r2 = 0.97 or better for all lens/filter combinations,
suggesting consumer-grade cameras are capable of accurate measures of reflectance.
CIred edge comparisons yielded daily averaged r2 values of 0.86 and 0.70, depending on the
lens/filter combination used, suggesting these systems could potentially be utilized in a
number of advanced remote sensing roles.
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CHAPTER ONE: INTRODUCTION
Remote sensing techniques have provided scientists and industry with data
identifying patterns and processes that occur across the earth’s surface since the 1970s.
The ability to quickly collect data over a broad area without physically disrupting the
surface under investigation has enabled airborne- and satellite-based remote sensing to be
utilized in many applications, ranging from monitoring climate change to selecting plant
hybrids based on their phenological expression. In a great deal of these applications, the
utility of optical, remotely sensed data comes from the collection of many discrete
wavebands of reflected radiation within the visible and infrared portions of the
electromagnetic spectrum. Multispectral and hyperspectral remote sensing can be used to
derive specific information concerning a given surface, from the mineral composition of
exposed rock to the biophysical characteristics of vegetation. Small, unmanned aerial
systems (sUASs) are enabling a low-altitude flight industry to flourish within the United
States, and have generated an interest in the ability of these platforms to acquire remote
sensing data for a broader range of users and applications. To realize the advantages of
sUAS-based remote sensing a new generation of instrumentation was needed for these
smaller airframes, a niche that is most often filled by consumer-grade cameras.
Consumer-grade cameras have several advantages over laboratory-grade,
multispectral remote sensing instrumentation. For example, such cameras typically have
a lower cost, generally are easier to use, can be quickly configured for different
applications, and are lighter weight than laboratory-grade systems. The expense of
laboratory-grade, multispectral remote sensing instruments is a limiting factor to
widespread utilization, because the cost of these systems can range from thirteen to well
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over one hundred thousand U.S. dollars (Dare, 2008; Huang et al., 2010; Lan et al.,
2010). In contrast, the cost of consumer-grade multispectral systems ranges from nine
hundred to six thousand dollars (Dare, 2008; Ritchie et al., 2008; Yang et al., 2014).
Consumer-grade camera systems clearly offer lower initial investment and replacement
costs. Consumer-grade cameras are also self-contained systems that do not require a
suite of specialized software, hardware, and technical expertise to operate (Dare, 2008;
Huang et al., 2010; Hunt et al., 2010; Lan et al., 2010). Due to the plethora of consumergrade cameras and accessories on the market, it is relatively inexpensive to change
sensors, lenses, and filters as the application need arises or technology progresses,
providing a flexibility that is difficult to match with commercial-grade instruments.
Finally, consumer-grade multispectral systems are much lighter than commercial
systems, which is a key consideration in weight-limited sUAS applications (Honkavaara
et al., 2013; Huang et al., 2010; Hunt et al., 2010; Lan et al., 2010; Rango et al., 2009).
The utility of consumer-grade camera systems in low-altitude remote sensing has
been demonstrated across a range of studies. Single cameras recording red, green, and
blue (RGB) light have been used to map and classify rangeland at a high level of spatial
resolution (Laliberie et al., 2010; Rango et al., 2009), obtain structural information about
forested canopies and geologic features in hard-to-reach areas (Dandois & Ellis, 2013;
Lucieer et al., 2014; Zarco-Tejada et al., 2014), and provide low-cost mapping in
applications ranging from natural resources to humanitarian relief (Planer-Friedrich et al.,
2008; Sklaver et al., 2006; Vericat et al., 2008). If near infrared (NIR) light sensing is
incorporated into consumer-grade camera systems, either by a single modified camera or
the use of multiple cameras, contrast between plant absorption of visible light used in
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photosynthesis and the amount of plant material shown by NIR reflectance can be
utilized to estimate numerous biophysical parameters. Consumer-grade camera systems
incorporating NIR light have been used to estimate vegetation biomass (Swain et al.,
2010), assess the amount of leaf coverage per unit of area (Hunt et al., 2010; Lebourgeois
et al., 2008; Lelong et al., 2008), identify areas of pest damage in row-crop communities
(Yang et al., 2014), and classify invasive weed species in numerous ecological systems
(Jensen et al., 2011; Samseemoung et al., 2012; Yang et al., 2014).
Integration of consumer-grade cameras into advanced remote sensing applications
is hindered by several factors including the non-linear response to surface radiance, the
vignette effect, and lack of radiometric calibration. Digital cameras use charge coupled
devices (CCDs) and complementary metal oxide semiconductor (CMOS) sensors to
record the photon flux density of the incoming light as the magnitude of an electric
charge. The charge level of each image element (pixel) is recorded as a digital number
(DN) to produce a digital image file. Inherently, the charge response is linear with
respect to light intensity; however, camera manufacturers employ a logarithmic
transformation, or gamma correction, to the image so that color sensitivity matches the
human eye (Cescatti, 2007; Sakamoto et al., 2010). The resulting gamma-corrected
image no longer exhibits a linear response to light intensity, greatly complicating the
measurement of surface radiance (Cescatti, 2007; Lebourgeois et al., 2008; Ritchie et al.,
2008; Sakamoto et al., 2010). The vignette effect refers to attenuation of light toward an
image’s periphery that often is caused by the addition of lens-mounted filters, and results
in a systematic error that can limit the accuracy of surface measurements (Dean et al.,
2000; Ritchie et al., 2008; Lebourgeois et al., 2008; Lelong et al., 2008). Consumer-
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grade cameras write images as a grid of DNs that are dependent on numerous variables,
including: camera settings, lighting conditions, sensor response, vignette effect, and
surface conditions. Radiometric calibration collectively refers to a set of image
processing techniques that serve to account for the variability introduced by extraneous
factors and allow for the accurate measurement of surface features of interest (Del Pozo
et al., 2014; Honkavarra et al., 2009; Honkavarra et al., 2010; Honkavarra et al., 2013).
Despite many studies, radiometric calibration of consumer-grade cameras remains an
important topic of investigation to enable their use in advanced remote sensing
applications (Dean et al., 2000; Hunt et al., 2010; Lebourgeois et al., 2008; Lelong et al.,
2008; Ritchie et al., 2008; Yang et al., 2014).
Adjusting an image to the reflectance measured from a known, calibrated
reference surface presents an integral step in many remote sensing studies as it produces a
standardized data set that is comparable with other data sets across space and time. Such
an adjustment process typically involves calculating the reflectance from a known
(characterized), Lambertian reference contained within the image by dividing incoming
light (irradiance) by the light reflecting (radiance) off the reference. Alternatively, this
calibrated reflectance value can be entered into a simple model that can adjust an image
to match standardized values. By adjusting images in this manner, the data obtained can
be integrated into models of environmental phenomena (Jones & Vaughan, 2010). In
contrast, aerial imagery that has not been adjusted to a known reference reflectance is
useful only for determining the relative differences in values within the image, and
cannot be statistically compared to other datasets due to the influence of camera settings,
changing irradiance, and other variables on the image values. Research has largely been
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lacking in methods of adjusting consumer-grade camera collected imagery to a
reflectance reference standard.
This study was designed to integrate consumer-grade camera system imagery with
radiometric calibration techniques to determine the ability of these systems to collect
multispectral surface reflectance. It was postulated that, with proper equipment and
calibration techniques, consumer-grade cameras could provide accurate measures of
surface reflectance in user-specified wavelength ranges. Establishing the potential for
such measurements was intended to illustrate the utility of these systems in advanced
remote sensing applications requiring well-characterized spectral data, such as vegetation
phenology and biophysical characterization research.

CHAPTER TWO: BACKGROUND AND LITERATURE REVIEW
Consumer-grade camera systems typically employ a digital sensor and several
filtering methods to approximate the RGB waveband. Inherently, digital CCD and
CMOS sensors are responsive to light ranging from ultraviolet (UV) to NIR; however,
camera manufacturers often utilize a combination of Bayer array and UV/NIR cut filters
to isolate visible wavelengths (Busch, 2007; Petrie & Walker, 2007). UV/NIR cut filters
are placed in front of the sensor to block UV and NIR light, only allowing visible light to
pass to the digital sensor. The Bayer filter array consists of microfilters, placed on
individual sensing elements in a checker board-like pattern, that typically separate visible
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light into RGB wavebands that are used to write a digital, three-band true-color image
(Petrie & Walker, 2007). Because most, if not all, of the microfilters used in Bayer filter
arrays are sensitive to NIR, simply removing the UV/NIR cut filter expands the
sensitivity of consumer-grade cameras into the UV and NIR portion of the
electromagnetic spectrum. Many researchers have utilized UV/NIR filter modification to
generate multispectral data from airborne platforms from both single and multi-camera
systems (Ritchie et al., 2008; Yang et al., 2014). Red, green, or blue Bayer microfilters
may not all transmit NIR light, as this varies by camera manufacturer and model. When
one or more Bayer filters do not transmit NIR light, a color blocking filter can be used to
allow the collection of a NIR waveband in the channel passing NIR light, while the
remaining red, green, or blue channels will continue to collect light from their respective
wavebands (Dare, 2008; Dean et al., 2000; Hunt et al., 2010). When all Bayer
microfilters pass NIR light, or a very specific range of light is desired, several consumergrade cameras have been modified and combined to provide multispectral-imaging
capability (Lebourgeois et al., 2008; Ritchie et al., 2008; Yang et al., 2014).
Researchers using consumer-grade camera systems must also account for
manufacturer applied gamma correction to generate valid measurements of surface
radiance, a process that can be accomplished by modeling the gamma correction curve or
calculating values from the raw image files. Sakamoto et al. (2010) used a combination
of exposure settings and neutral density filters to model a stereo-pair, RGB and NIR,
camera system’s response to light intensity using a six-order polynomial function to
correct for a linear response to light. Using vegetation indices calculated from the
linearly corrected consumer-grade camera imagery, significant correlations between
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camera-derived values and a number of biophysical parameters were found, including:
plant height, dry biomass, leaf area, and fraction of absorbed photosynthetically active
radiation (Sakamoto et al., 2010; Sakamoto et al., 2011; Sakamoto et al., 2012). Cescatti
(2007) used the open source dcraw library (http://www.cybercom.net/~dcoffin/dcraw/) to
calculate the original linear response to light contained in raw consumer-grade camera
image files. DNs calculated from the raw image files were compared to the raw signal of
a LI-COR LAI-2000 PCA light sensor (LI-COR Inc., Lincoln, Nebraska, USA) with a
coefficient of determination (r2) equal to 0.99, leading the author to suggest the suitability
of such techniques for determining the plant area index and fraction of plant canopy
cover in forested ecosystems (Cescatti, 2007).
Consumer-grade camera users also must account for the vignette effect, that
appears as light attenuation towards the edges of the camera field of view (FOV), to
assure accurate measurement of surface features across the entire image. Several
researchers have found that the vignette effect can be accounted for by using the look up
table (LUT) method or radial modeling (Dean et al., 2000; Del Pozo et al., 2014;
Lebourgeois et al., 2008; Yu, 2004). Yu (2004) outlines the LUT method as a robust
approach to vignette correction, where a LUT is created from a flat-field image and used
as pixel-by-pixel multiplication factors to correct the vignette effect (Eqs. 2.1a and 2.1b).
(𝐸𝑞. 2.1𝑎) 𝐿𝑈𝑇 =

𝐷𝑁𝑚𝑎𝑥
𝐷𝑁

(𝐸𝑞. 2.1𝑏) 𝐷𝑁 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = 𝐿𝑈𝑇 ∗ 𝐷𝑁𝑖𝑛𝑖𝑡𝑖𝑎𝑙

In this equation, 𝐷𝑁𝑚𝑎𝑥 refers to the maximum value in the flat-field image, and 𝐷𝑁
represents individual pixel values throughout the flat-field image (Yu, 2004). Dean et al.
(2000) suggest that multiple flat-field images be averaged to generate the LUT, in order
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to reduce inherent variation introduced by the flat field and sensor noise. Radial
modeling techniques, such as hypercosine, 2-D hypercosine, first-order Taylor expansion,
and variable cone models have also been utilized to account for the vignette effect in
consumer-grade camera imagery (Kim & Pollefeys, 2008; Yu, 2004). Such radial
modeling techniques are advantageous in that they require less memory and computing
power to employ; however, these methods have been criticized for their complexity and
lack of accuracy when compared to the LUT method (Yu, 2004).
Single consumer-grade camera systems have been successfully employed, with
various levels of radiometric calibration, to collect aerial imagery from both sUAS and
manned platforms. Hunt et al. (2010) mounted a modified Fujifilm FinePix S3 Pro UVIR
camera on a Vector-P sUAS to determine the potential of such systems for monitoring
cropland during the growing season. The camera was manufactured without a UV/NIR
cut filter, and the addition of an interference filter enabled the collection of blue, green,
and NIR wavebands (Hunt et al., 2010). The researchers did not use linear or vignette
correction techniques, and camera exposure settings were held constant to control
exposure-induced variability (Hunt et al. 2010). It was determined that green normalized
difference vegetation index values calculated from the resulting imagery were closely
related to the leaf area index of imaged winter wheat plots, with an r2 of 0.85 (Hunt et al.,
2010). Hunt et al. (2010) concluded that such a system would provide a cost-effective
solution for monitoring cropland, and would provide valuable information for sitespecific management decisions. Yang & Hoffmann (2015) mounted a single Nikon D90
camera system on an Air Tractor 402, manned aircraft to collect RGB imagery over
agricultural fields in Texas. Holding exposure values constant and using the raw image
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files for subsequent analysis, the researchers found that the color imagery could be used
to classify the extent of pest damage in corn canopies and generate variable-rate
fungicide application maps for cotton fields identified as being infected with cotton root
rot (Yang & Hoffmann, 2015).
Researchers have also shown the potential for multiple consumer-grade cameras
to be used in advanced remote sensing applications. Yang et al. (2014) built a dual,
consumer-grade camera system using two Canon 5D DSLR camera bodies, with one
being modified by removal of the UV/NIR cut filter, to acquire RGB and NIR imagery
from a manned platform. Using manual exposure control, raw image files, and the
camera manufacturer’s software for vignette correction, this multi-camera system was
successfully employed in a number of remote sensing applications, including: mapping
pest and disease damage within cultivated crops, creating variable-rate herbicide
prescriptions for invasive weed species, and cropland classification using unsupervised
classification methods (Yang et al., 2014; Yang et al., 2015; Zhang et al., 2016). Ritchie
et al. (2008) created a dual-camera system using Nikon Coolpix 4300 cameras, collecting
RGB and NIR wavelengths. Images were taken of a color rendition chart, containing 24
different colors, at various exposure settings, and the resulting DNs were compared to
reflectance values from an Apogee PAR-NIR spectrometer (Apogee Instruments, Logan,
UT, USA) to develop calibration equations for the cameras (Ritchie et al., 2008). This
approach to reflectance calibration is limited since values are only valid with imagery
taken under the same lighting conditions as those during the model creation. Regardless
of this limitation, the researchers found agreement between spectrometer and camera
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derived NDVI values taken over a cotton test plot during the growing season with r2=0.72
(Ritchie et al., 2008).
A great body of remote sensing research has been devoted to estimation and
quantification of biophysical parameters in plant communities, research that often relies
on the collection of many narrow wavebands of light that relate to a given feature, or
feature set, of interest. Ciganda et al. (2009) used corn plant reflectance values, obtained
from a portable spectrometer (USB2000, Ocean Optics, Dunedin, Florida, USA), to
calculate the Red Edge Chlorophyll Index (CIred edge).

(𝐸𝑞. 2.2) 𝐶𝐼𝑟𝑒𝑑 𝑒𝑑𝑔𝑒 =

𝑁𝐼𝑅
−1
𝑅𝐸

CIred edge values were compared to chlorophyll content within the plants (Eq. 2.2) with
a correlation between the two measurements having an r2 of 0.95 (Ciganda et al., 2009).
The CIred edge relies on very specific wavelength ranges associated with the “red edge”
spectral region, a vegetation spectral reflectance feature related to the transition between
chlorophyll absorption and NIR light reflection, and NIR light reflection related to
canopy structure (Ciganda et al., 2009; Gitelson & Merzlyak, 1994; Hunt et al., 2013;
Jones & Vaughan, 2010). The Photochemical Reflectance Index (PRI), a normalized
vegetation index developed based on subtle interactions of narrow bandwidth 531nm and
570nm reflectance resulting from the xanthophyll cycle, has been used in numerous
studies to provide insight into the light use efficiency of forested ecosystems (Gamon et
al., 1997; Gamon & Berry, 2013). In an attempt to use a consumer-grade camera system
to capture specific wavebands associated with plant characteristics, Lebourgeois et al.
(2008) created a three-camera system consisting of a single, unmodified Canon 400D
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DSLR capturing images in RGB wavebands and two modified cameras capturing images
in red edge and NIR wavebands, respectively. Using an ultralight, manned aircraft as an
aerial platform, the researchers collected imagery of a sugar cane test plot over the course
of a growing season, and compared indices derived from these data with traditional,
ground measurements (Lebourgeois et al., 2008). Linear response to light was extracted
from raw image values, using the open source IRIS 5.5
(http://www.astrosurf.com/buil/us/iris/iris.htm) software, and vignette correction was
accomplished using a radial model developed from the average of over 500 images taken
during the study (Lebourgeois et al., 2008). Camera exposure values were held constant
and two different approaches to image normalization were evaluated to ensure that image
values could be compared across the dates used in the study (Lebourgeois et al., 2008).
Even though the red edge band was deemed unusable, due to motion blur issues, it was
concluded that radiometric calibration enhanced the validity of data collected with
consumer-grade camera systems, and that such systems are capable of capturing narrow
bandwidths of light related to specific biophysical features of interest (Lebourgeois et al.,
2008).
This research effort was designed to address many of the needs that would enable
further incorporation of consumer-grade into advanced remote sensing applications,
including: 1) utilization and validation of existing radiometric calibration methods, 2)
evaluation of bandpass filters that would allow the capture of specific wavebands related
to biophysical features of interest, 3) adjustment of imagery values to surface reflectance
and comparison of these values to established instrumentation, and 4) identification of
future consumer-grade camera research needs and potential applications of these systems.
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There remains a need to integrate calibration methods and evaluate their effectiveness
when using different sensors in a variety of environments (Lebourgeois et al., 2008; Yang
et al., 2014). Lebourgeois et al. (2008) encouraged further incorporation of specialized
bandpass filters in consumer-grade camera research, as the ability to collect narrow
bandwidth, multispectral data would greatly enhance the utility of such systems in
identifying features of interest across a host of disciplines. In a similar fashion,
adjustment to surface reflectance would expand the utility of these systems in that the
reflectance of the target surface can be separated from extraneous variables and
integrated with other standardized data sets in a modeling environment (Jones &
Vaughan, 2010). Finally, identifying areas of needed research and potential application
will allow further integration of these sensors into aerial applications and enable the
benefits of remote sensing to be realized by a greater population.
The work reported in this thesis was motivated by the fore mentioned
considerations with the intent to mitigate concerns surrounding the effective use of low
cost, consumer-grade cameras for research and as tools for agricultural growers and
natural resource managers. This study was designed to demonstrate the utility of
consumer-grade camera systems as a cost-effective means of collecting remotely sensed
data of a given surface or phenomena of interest by using consumer-grade, multispectral
systems to collect standardized data in user-defined wavelengths. It is hoped that this
research will provide a foundation for future consumer-grade camera studies conducted
with both manned and sUAS platforms.
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CHAPTER THREE: METHODS
Research was conducted on the University of Nebraska-Lincoln East campus
grounds (40.8o N, 96.7o W). Both laboratory and outdoor lighting conditions were used
to simulate controlled and operational environments, respectively. The Center for
Advanced Land Management Information Technologies (CALMIT) Spectroscopy Lab
provided the controlled environment to compare instruments. Outdoor data collection
took place on the mown lawn and a turf grass plot located at the East Campus Turf
Research Center, an area under the management of Dr. William Kreuser, Department of
Agronomy and Horticulture, UNL. In the CALMIT Spectroscopy Lab all laboratory
surfaces are painted black to minimize stray light interference with target reflected light
measurements. Two 500-watt halogen lamps provided a consistent source of illumination
across the wavelengths of interest.

During outdoor data collection, an effort was made

to access both optimal and suboptimal lighting conditions as solar zenith angle and
atmospheric conditions changed during the time of capture. Understanding the effect of
variation in lighting conditions is important in order to understand the impact of changing
conditions when consumer-grade camera systems are used operationally in real world
applications.

Camera System and Filter Transmittance
In a similar fashion to Yang et al. (2014), a camera system was constructed with
two DSLR cameras mounted in tandem. Each camera was aligned to capture the same
scene in different wavelengths of light. Fujifilm IS Pro camera bodies (Fujifilm Global,
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Minato, Japan) were used as this model was manufactured without a UV/NIR cut filter,
resulting in a sensitivity to wavelengths ranging from 380 to 1000nm (Tetley & Young,
2008). Two systems were used for synchronous shutter release depending on the
environmental context. An ALZO Wireless Radio Shutter Release control system
(ALZO Digital, Bethel, Connecticut, USA) was used for darkroom image capture. A
Nikon tether cable (Nikon Corporation, Minato, Japan) provided shutter release and
locational data in the outdoor environments. A Nikon MC-35 GPS Serial Adapter,
coupled with a Magellan GPS receiver (MiTAC Digital Corporation, Tokyo, Japan)
captured geographic location of the image capture during outdoor measurements.
Camera lenses consisted of two Nikon Nikkor 28mm f2.8 manual focus and two Nikon
Nikkor 50mm f1.8 auto focus lenses, with serial numbers closely matched to ensure
optical similarity between the paired lenses. Nikon battery packs and L-Plates
(MBD100-L, Really Right Stuff LLC, San Luis Obispo, California, USA) were used to
extend battery life and provide a solid mounting frame, respectively. A custom
fabricated aluminum mounting rail was used to join the two cameras, creating a stereopair camera system viewing approximately the same scene (Figure 3.1). Fujifilm Hyper
Utility HS-3 software was used throughout the study to focus the camera system, and
control shutter release when in the tethered configuration.
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Figure 3.1: The consumer-grade camera system created for the study consisted of twin
Fujifilm IS Pro cameras mounted in tandem using a custom rail mounting system. In the
outdoor capture configuration, a tether cable was used for synchronous shutter release and
a GPS receiver allowed image location to be recorded.

Lens mounted filters were selected for their ability to isolate specific wavelengths
of light related to vegetative features of interest (Ciganda et al., 2009; Hunt et al., 2013;
Jones & Vaughan, 2010). An Omega Optical 680-725nm filter (Omega Optical Inc.,
Brattleboro, Vermont, USA) and Edmund Optics 725-735nm filter (Edmund Optics Inc.,
Barrington, New Jersey, USA) were mounted in front of the 28mm and 50mm lenses,
respectively. Similarly, an LDP 780nm long pass filter (LDP LLC, Carlstadt, New
Jersey, USA) and Edmund Optics 780-790nm filter were mounted in front of the 28mm
and 50mm lenses to collect NIR light. Omega Optical and LDP filters were attached to
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the lenses using the lens threads and B+W step ring adapters (Schneider Optics, Van
Nuys, California, USA). Edmund Optics filters were attached to the 50mm lenses using
heavy rubber bands created from bicycle inner tubes. These rubber bands were
subsequently placed on all lens control surfaces to ensure consistent focus and aperture
settings during image capture throughout the study. Filter transmittance was evaluated
using a single, 500-watt halogen lamp and a spectrometer (USB2000+, Ocean Optics
Inc., Dunedin, Florida, USA) at 45o and 90o light incidence angles, relative to the filter’s
surface. Three scans, consisting of the average of 25 scans, were taken at each incident
light angle and averaged within Microsoft Excel (Microsoft Corporation, Redmond,
California, USA) to determine the level of variability in filter transmittance.

Radiometric Calibration and Reflectance
Based on the work of Lebourgeois et al. (2008), linear response to light intensity
was calculated from the camera’s raw image files using IRIS 5.59 open source software
(http://www.astrosurf.com/buil/us/iris/iris.htm). To evaluate the nature of camera
response to light intensity, multiple foam swatches of various colors were placed in the
CALMIT Spectroscopy Lab darkroom and imaged at various shutter speeds to simulate
changes in light intensity. The ESRI ArcMap 10.2 Zonal Statistics Tool (Environmental
Systems Research Institute Inc., Redlands, California, USA) was used to extract the
swatch average DN from the camera recorded TIFF images and IRIS 5.59-calculated raw
images, and the linearity of the two files was evaluated within Microsoft Excel. Linearly
extracted images were subsequently corrected for vignette effect using the LUT method
outlined by Yu (2004). LUTs for each lens/filter combination were generated by dividing
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the maximum value of a flat-field image (𝐷𝑁𝑚𝑎𝑥 ) by the individual DNs throughout the
image (Eq. 1a). The flat-field image (DNmax) values were determined using a total of 32
images captured of a 99% reflective, National Institute of Standards and Technology
(NIST) traceable, Lambertian Spectralon reference panel (Labsphere Inc., North Sutton,
New Hampshire, USA), RGB bands were extracted using the ArcMap 10.2 Select Data
tool, and the average of these individual bands was used as the flat-field image to create
LUTs for each of the bands (Figure 3.2). The cameras were held above the Spectralon
panel by hand and rotated approximately 45o between each image to reduce the effects of
angular illumination differences across the panel’s surface (Dean et al., 2000).
Furthermore, a 3x3 low-pass filter was applied three times, using the ESRI ArcMap 10.2
Filter tool, to reduce residual noise and minimize its impact on the quality of the averaged
images. The application of a 3x3 low-pass filter creates a series of edge pixels that do not
reflect underlying variations in the smoothed surface; to account for this, edge pixels
were removed using the ArcMap 10.2 Clip tool with a polygon fitted to exclude
extraneous edge values. This polygon was also used with the ArcMap 10.2 Zonal
Statistics tool to generate the maximum image value needed within the LUT equation.
The resulting LUT was multiplied by subsequent imagery to correct for the vignette
effect (Eq. 1b) before calculating reflectance.
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Figure 3.2: ESRI’s ArcMap Model Builder was used to automate the LUT generation
process. Numerous processing steps were taken to create the LUTs used in this study,
including: band extraction, multi-image averaging, low-pass filtering, and the final LUT
calculation.

To evaluate the effectiveness of the LUT method under varying light intensities, a
series of images were taken of the Spectralon panel at seven shutter speeds, ranging from
1/200 to 1/800 second, and the coefficient of variation (CV) was calculated for both
corrected and uncorrected images. CV, which is calculated by dividing the standard
deviation of the image DN pixel values by the mean of those values, provides a measure
of variance experienced within a given image that can be compared to that of other
images (McGrew & Monroe, 2000). Since Spectralon panels provide a near diffuse and
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uniform reflectance across their surfaces, CV was selected as a suitable method of
determining how effectively vignette-induced variation is reduced by the LUT method.
To calculate surface reflectance, a surface of known reflectance was used within
the field of view of the linearly-extracted, and vignette-corrected, imagery. The ArcMap
10.2 Zonal Statistics tool was used to calculate reflectance, 𝑅𝑖𝑚𝑎𝑔𝑒 , according to the
equation outlined by Jones & Vaughn (2010):

(𝐸𝑞. 3.1) 𝑅𝑖𝑚𝑎𝑔𝑒 =

𝐷𝑁𝑖𝑚𝑎𝑔𝑒 ∗ 𝑅𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
𝐷𝑁𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

where 𝐷𝑁𝑖𝑚𝑎𝑔𝑒 represents pixel values 𝑅𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 is the known reference reflectance
(99%), and 𝐷𝑁𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 is the average reference pixel value of the reference panel in the
image. This equation was applied on a pixel-by-pixel basis in the target image using the
ArcMap 10.2 Raster Calculator tool.

Swatch Target Measurements
Pixel values from the calculated image reflectance (𝑅𝑖𝑚𝑎𝑔𝑒 , Eq. 3) representing a
known target (i.e. colored foam swatches) were compared to spectrometer-measured
reflectance of the foam swatches in both laboratory and outdoor environments as a
validation of the digital camera method for reflectance measurements. A set of 32
14x21cm foam swatches representing a range of colors and grey scales were shuffled ten
times and labeled to provide a random assortment of spectral targets. In the CALMIT
Spectroscopy Lab, the camera system was suspended from the ceiling, and swatches were
arranged on the floor in two patterns to accommodate the 28mm and 50mm lens field of
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views (Figure 3.3). Two 500-watt halogen lights were used to illuminate the swatch
pattern. An Ocean Optics USB 2000+ spectrometer, coupled with CDAP-2 software
(University of Nebraska-Lincoln CALMIT, Lincoln, Nebraska, USA), was used to collect
swatch reflectance. For consistency, the spectrometer fiber optic cable was tripod
mounted and held at a constant 25cm or 10cm height, yielding an 11.5cm and 4.5cm field
of view spot size, respectively. The changing fiber height accounted for the different
swatch pattern used for the 28mm and 50mm lens configurations, allowing for the
measurement of individual swatch reflectance.

Figure 3.3: A total of 32 foam swatches were randomly placed on the University
of Nebraska-Lincoln, Spectroscopy Lab floor and used as spectral targets for
instrument comparison. Swatch layout and spectrometer sampling height were
dependent on lens focal length.
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Outdoor data collection took place in a mown area on the University of NebraskaLincoln’s East Campus grounds. Data were collected within two hours of solar noon,
using the same swatch pattern and configuration as in the lab, with the camera system
being suspended from a custom-made boom (Figure 3.4). The camera boom was
constructed using 3.8 x 305cm conduit pipe, conduit pipe clamps, angle and straight
braces, parachute cord for weight distribution, a cloth bag filled with small weights, and a
tripod. The purpose of the boom was to provide a similar camera height to that used in
the Spectroscopy Lab. A dual Ocean Optics USB 2000+ spectrometer system was used
in conjunction with CDAP-2 software to integrate sky irradiance and swatch radiance
using the same sampling height and procedure as in the lab (Rundquist et al. 2014).
CDAP-2 calculates the ratio of radiance to irradiance to yield target reflectance
(Rundquist et al. 2014). The spectrometer field of view was used to extract imagederived reflectance values (Eq. 3.1) for each swatch using the ArcMap 10.2 Zonal
Statistics tool. Image-derived reflectance values were then compared to spectrometer
reflectance values, averaged over the given filter’s waveband, and the coefficient of
determination (r2) within Microsoft Excel was used to determine the degree of similarity
between the two systems.
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Figure 3.4: A camera boom
was fabricated for outdoor
image collection, giving the
necessary height to capture the
entire foam swatch pattern in
outdoor conditions.

Turf Plot Measurements
Camera and spectrometer readings were also taken of turf plots at the University
of Nebraska-Lincoln’s East Campus Turf Research Center (40.8o N, 96.7o W) to validate
reflectance from the digital camera system and to compare CIred edge values (Eq. 4) derived
using data from each system. This study utilized an ongoing turf nitrogen study at The
East Campus Turf Research Center which consists of 1.2 x 1.5 meter plots with five
treatments three replications. Treatments consisted of weekly applications of 0, 0.022,
0.045, 0.091, and 0.181 kg N mˉ² of Urea. Instrument measurements were taken every
10o of solar zenith, as determined by the United States Navy Office’s Sun or Moon
Altitude/Azimuth Table (http://www.aa.usno.navy.mil/data/docs/AltAz.php), beginning
and ending at a zenith angle of 70 degrees. Due to the time associated with switching
lenses on the boom-mounted, camera system, data were collected on two separate days.
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Data collection took place 16 July 2016 for the 28mm lens and filter configuration and 21
July 2016 for the 50mm configuration. Sky conditions ranged from clear to broken
overcast on both dates of acquisition. Taking data on two separate days does not affect
the validity of the data obtained due to the reflectance adjustment process, which
produces standardized data that are comparable across space and time.
The sampling approach consisted of taking readings of ten nitrogen plots every
10o of solar zenith. Camera shutter speeds were set to 1/800 second, to simulate speeds
necessary to reduce motion blur in aerial applications, and multiple images were required
to sample the entire area of the plots due to limitations in boom height (Lebourgeois et
al., 2008). Two plots were sampled at a time with the camera system’s 28mm lens
configuration, requiring five images alone the length of the five plots (upper panel of
figure 3.5). When the 50mm lens configuration was used on the camera system, the
cameras were positioned over the corner of the plots so that four plots could be imaged at
a time (except for the end plots which contained two plots each), thus six images were
taken every 10º of solar zenith (lower panel of Figure 3.5). The Spectralon reference
panel was included in the first and last image to adjust images to reflectance and help
indicate changes in sky conditions during image data capture. Reflectance was calculated
for both red edge and NIR images (Eq. 3.1). Since each camera captures a slightly
different view of the same scene, images were overlain using a linear transformation of
the NIR image to match that of the red edge image. The CIred edge was calculated using
the aligned, reflectance images. Alignment and vegetation index calculation was
accomplished using a Python script within ArcMap 10.2 (Figure 3.6). Spectrometer data
were collected with the dual Ocean Optics USB 2000+ spectrometer mounted on a tripod,
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collecting three scans per plot at a height of 69cm, for the 28mm lens configuration, and
two scans per plot at a height of 36cm in conjunction with the 50mm lens configuration.
The resulting 30cm and 15cm spectrometer fields of views were extracted from the CIred
edge images

using the ArcMap 10.2 Zonal Statistics tool. The CIred edge values from the two

instruments were compared using the coefficient of determination within Microsoft Excel
to determine the degree of similarity.

Figure 3.5: Sampling at the University of Nebraska-Lincoln’s East Campus Turf Research
Center varied depending on the camera lens focal length. With the 28mm lenses, it was
possible to capture two plots within a single image, while only the convergence of plot
corners could be captured using the 50mm lenses.
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Figure 3.6: Multiple image processing steps were necessary to derive the CIred edge values from
the camera system. Python script was used within ESRI’s ArcMap 10.2 to automate many of
these tasks and vastly reduce processing time.

Individual red edge and NIR reflectance values were also extracted from the
spectrometer and camera data for both dates of acquisition at each sample location. The
ArcMap 10.2 Zonal Statistics tool and Microsoft Excel were used to extract sample
reflectance from the camera and spectrometer data, respectively. These data were
subsequently formatted with Microsoft Excel and entered into RStudio
(htpps://www.rstudio.com) to provide Descriptive statistics and graphical representation
of values obtained from each instrument. The RCran ggplot2 library provided the basis
for graphics generated within this study (https://cran.rproject.org/web/packages/ggplot2/index.html).
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CHAPTER FOUR: RESULTS AND DISCUSSION

Image Response and Filter Transmittance
Analysis of multiple foam swatch images (collected at various shutter speeds in a
dark room to simulate changes in light intensity) showed marked differences in both
dynamic range and response to light when the camera-recorded TIFF files were compared
to those calculated from the system’s raw files using IRIS 5.59. The Fujifilm IS Pro
records TIFF images with an 8-bit dynamic range while the IRIS 5.59 calculated raw
images with a 16-bit dynamic range, allowing the camera’s 14-bit dynamic range to be
integrated into the resulting image (Tetley & Young, 2008). In terms of airborne remote
sensing applications, a greater dynamic range is highly advantageous, as 14-bit images
are 64 times more sensitive to subtle changes in spectral illumination than 8-bit images.
This finding parallels that of Lebourgeois et al. (2008), who found an increased dynamic
range in Canon DSLR cameras (Canon Tokyo, Japan) when using the IRIS 5.5 software
to extract raw image values. When plotting swatch DNs against shutter speed, it also
became apparent that IRIS 5.59 extracted images responded linearly to light intensity,
while camera recorded TIFF values responded in a non-linear fashion (Figure 4.1). This
finding supports that of Cescatti (2007), where calculated raw image values were linearly
related to those of an incident light meter, and confirms that such instruments can be used
to quantify surface values in a linear fashion.
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Figure 4.1: Camera derived TIFF values, and those extracted from the camera’s raw file
format, were plotted against shutter speed to reveal a non-linear and linear response to incident
light intensity, respectively. Furthermore, raw file extraction allowed integration of the
camera’s entire 14-bit dynamic range to be integrated into the resulting image, greatly
increasing dynamic range.

Filter transmittance comparisons revealed that incident light angle changed the
spectral properties of the light passing through most of the filters tested. In the case of
the Omega Optical 680-725nm, Edmund Optics 725-735nm, and Edmund Optics 780790nm bandpass filters, there was a consistent shift in transmittance towards shorter
wavelengths when held at a 45o light incidence angle (Figure 4.2). This angular-induced
shift in transmitted light prompted the use of lens mounted hoods, when lens threads were
accessible, to reduce the amount of light passing through the lenses at angles beyond the
lens’s field of view. The LDP 780nm long pass filter did not exhibit any changes in
reflectance with altered illumination angle, suggesting that this phenomenon affects
filters on a case-by-case basis. Transmittance tests also revealed that the Omega Optical
filter was transmitting light in the NIR portion of the spectrum, in addition to the desired
red edge light range. A B + W short pass filter was subsequently placed in front of the
Omega Optical red edge filter, isolating filter transmittance to the desired 680-725nm
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range (Figure 4.3). Adding the B + W short pass filter also resulted in a 34 percent
reduction in total light transmission. It is noteworthy that such reductions in filter
transmittance should be avoided when possible, as the reduced shutter speeds necessary
to capture scenes can result in motion blur in airborne situations (Lebourgeois et al.,
2008; Warner et al., 1997).
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Figure 4.2: In most cases, filter transmittance shifted towards lower wavelengths when
illuminated at a 45o angle relative to the filter’s surface. To lessen the amount of stray
light entering the filter from the sides, lens hoods were used whenever possible.
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Filter Stack Transmission

Figure 4.3: By stacking B + W
689 short pass and Omega
Optics filters, it was possible to
isolate light in the RE region.
This example demonstrates the
importance of checking the
transmittance of filters employed
in remote sensing applications.
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Look Up Table Evaluation
RGB band extraction and LUT vignette correction proved to be a simple task
when using Python script within ESRI’s ArcMap 10.2, with typical processing times of
less than 10 seconds per waveband. Visual inspection of the camera-recorded RGB
channels revealed that the red band images exhibited the best signal-to-noise ratio when
using red edge and NIR filters, followed by green, and then blue. This finding supports
that of Lebourgeois et al. (2008), and is likely the result of less light transmission through
the shorter wavelength-filtered bands. Accordingly, only red and green bands of the
RGB images were used in this study, with the green band often presenting the only usable
data when saturation occurred in the red band. As Figure 4.4 demonstrates, the
application of the LUT correction method changed the non-uniform Spectralon images to
those with the expected, nearly uniform surface properties of a Lambertian reference
panel. Furthermore, comparing the CV of images taken at multiple shutter speeds
suggested that the LUT vignette correction method is valid across a range of light
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intensities, as image variation across the Spectralon surface was consistently reduced
(Figure 4.5). Problems were encountered, however, when LUTs created in the laboratory
were applied to images of the Spectralon reference taken in sunlit conditions. To address
this issue, LUTs were created for sunlit conditions and used for all subsequent outdoor
image processing. It should be noted that several studies have cautioned about the
ineffectiveness of the LUT method when settings are changed from those used to
generate the LUT for a camera and lens combination; accordingly, camera ISO and lens
aperture were held constant within the study (Dean et al., 2000; Yu, 2004).

Figure 4.4: The LUT method of vignette correction proved to be a reliable method of
reducing this form of systematic error across images taken of a Spectralon reflectance
panel. Further research is needed to determine how various lighting conditions and camera
settings influence the LUT method’s effectiveness.
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Figure 4.5: The LUT method consistently reduced Spectralon image CV over a range of shutter
speeds, suggesting this method can be used across a range of light intensities. Less consistent
results were obtained when correcting outdoor imagery using laboratory created LUTs,
prompting the creation of separate LUTs for sunlit conditions.

Swatch Target Measurements
Adjusting foam swatch images to reflectance proved to be a simple task once
average DNs of the Spectralon reference panel were determined within the images.
Comparisons between the camera and spectrometer swatch reflectance values taken
within the Spectroscopy Lab resulted in r2 values of 0.98 or better for all lens/filter
combinations (Figure 4.6). Sunlit comparisons of swatches yielded similar results, with
r2 values of 0.97 or better for all lens/filter combinations (Figure 4.7). The high
agreement found between camera and spectrometer reflectance suggests that consumergrade cameras are capable of making accurate measurements of light in user-defined
wavelength ranges. Furthermore, these findings also illustrate that observations can be
made in wavebands related to vegetated features of interest, indicating that such
consumer-grade camera systems have potential to be incorporated into advanced remote
sensing applications and research.
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Figure 4.6: When swatch reflectance values from the cameras were compared to those of a
spectrometer, in the University of Nebraska-Lincoln’s Spectroscopy Lab, a close association
was found between reflectance measured using the two instruments. Slightly lower r 2 values
and/or higher y-intercepts were found observed when reflectance was calculated from the
camera’s green band, indicating the higher signal-to-noise ratio present in this band when
observing red edge and NIR light.
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Figure 4.7: Comparison of camera and spectrometer measured swatch reflectance
values, taken under sunlit conditions, indicated a high degree of similarity between the
two systems. The ability of consumer-grade cameras to accurately measure surface
reflectance suggests potential integration of these systems into advanced remote sensing
applications and research.
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Turf Plot Measurements
Data collected at the University of Nebraska-Lincoln’s East Campus Turfgrass
Research Center provided a mixed results and insight into the use of such systems for
future airborne applications. Lens hoods were employed on the 28mm lens and filter
combinations, but could not be used with the 50mm combinations, due to a lack of
exposed filter threads. Data collection required approximately 20 to 30 minutes to collect
all camera system and spectrometer measurements at each solar zenith angle, resulting in
as much as four to six degrees of change in zenith angles early and late in the day.
Collection was timed to center data collection around the solar zenith angle of interest.
Missing data resulted when the Spectralon reference panel was not included in the last
image of the first two solar angles using the 28mm lens/filter combination precluding the
calculation of CIred edge difference between the first and last image, and during the first
solar angle collected with the 50mm lens/filter combination, where a problem with the
shutter release system only allowed partial plot capture. After data collection, it was
discovered that most of the imagery’s Bayer filtered red bands were saturated due to
overexposure during image capture (Figure 4.8). Based on this finding, the Bayer filtered
green band was used for comparison between instruments.
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Figure 4.8: This JPEG image, captured as the same time as the raw image, illustrates how
improper exposure setting resulted in image saturation during turf plot measurements. This
can be seen in the image values reaching the peak of their dynamic range, or a DN of 255.

Initial image registration resulted in root mean square error (RMSE) values of less
than one; subsequent, automated image registration and CIred edge calculation required less
than 15 seconds per image when using a Python script within ArcMap 10.2. CIred edge
values derived from the 28mm lens/filter combination and spectrometer resulted in r2
values ranging from 0.62 to 0.96 (Table 4.1). These findings indicate the potential for such
consumer-grade camera systems to be used in advanced research and commercial applications
where canopy chlorophyll content is a subject of interest. Conversely, CIred edge values from

the 50mm lens/filter combination and spectrometer resulted in r2 values ranging from
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0.01 to 0.88 (Table 4.2). Further investigation of the CIred edge Spectralon difference
between the first and last 50mm CIred edge image taken at 40o setting suggests that the r2 =
0.01 relationship is likely the result of changing irradiance during image capture.
Therefore, this value was removed as an outlier. In the equation used to calculate surface
reflectance, 𝐷𝑁𝑡𝑎𝑟𝑔𝑒𝑡 was derived from the first image containing the Spectralon panel
with the last image also containing the panel to indicate if changes in illumination had
occurred during multi-image capture. The CIred edge Spectralon difference should be close
to zero with consistent lighting during data collection. A difference of 0.3966 indicates
irradiance changed drastically during image collection and likely led to the reduced
correlation that was observed.

Solar Zenith
(degrees)
70 Rising
60 Rising
50 Rising
40 Rising
30 Rising
20 Rising
Solar Noon
20 Setting
30 Setting
40 Setting
50 Setting
60 Setting
70 Setting

Slope
(gain)
1.1824
1.4238
1.2611
1.3421
1.2796
1.5209
1.8284
2.1236
2.1936
1.4622
1.6918
2.7216
3.1217

Y-intercept
(offset)
0.4123
0.3233
0.3935
0.4082
0.6514
0.5174
0.5963
0.6001
0.7577
0.2799
1.2179
0.8451
0.6683

r²
0.63
0.91
0.93
0.96
0.93
0.89
0.83
0.86
0.79
0.79
0.59
0.83
0.84

Spectralon CI
Difference
N/A
N/A
0.0248
0.0306
0.0036
0.0009
0.0190
0.0328
0.0054
0.0088
0.0016
0.0143
0.0062

Table 4.1: CIred edge values, derived from the 28mm lens/filter combination,
showed strong agreement between CIred edge values captured from a spectrometer
using the same wavebands.
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Solar Zenith
(degrees)
70 Rising
60 Rising
50 Rising
40 Rising
30 Rising
Solar Noon
30 Setting
40 Setting
50 Setting
60 Setting
70 Setting

Slope (gain)
N/A
0.6338
0.6802
0.7276
0.7597
0.6947
0.7624
0.7280
-0.1549
0.6534
0.7336

Y-intercept
(offset)
N/A
-0.0019
0.0615
0.0364
0.0551
0.0585
0.0688
0.0415
0.2806
-0.0013
-0.0396

r²
N/A
0.65
0.52
0.49
0.83
0.85
0.85
0.88
0.01
0.60
0.65

Spectralon CI
Difference
N/A
0.0162
0.0097
0.0175
0.0290
0.0162
0.0293
0.0003
0.3966
0.0150
0.0143

Table 4.2: Agreement between CIred edge values derived from the 50mm lens/filter
combination and spectrometer were generally high, excluding the r2 = 0.01 relationship
observed as the solar zenith was 50o and setting.

That changing in illumination affected camera data capture can also be seen in
Figure 4.9, where samples taken from the image containing the Spectralon panel used for
reflectance adjustment (sample locations13-15 and 28-30) experienced noticeably less
variation throughout the course of the day. The incorporation of a spectrometer
measuring irradiance during capture would have provided insight to the extent changing
light conditions affected the resulting measurements and should be an important
consideration for future research efforts. Another noteworthy consideration is that, while
the NIST traceable Spectralon reference panel was used in this study, other characterized
surfaces of known reflectance (such as reflective tarps, painted targets, or gravel) could
also be used within the reflectance equation to derive image reflectance. This could be
especially important for aerial remote sensing applications requiring larger reference
surfaces (Jones & Vaughn, 2010).

38

In addition to changes in irradiance during data capture, another fundamental
problem can be seen in the inconsistent slope and y-intercept values experienced
throughout the day and between lens configurations. This problem is especially apparent
with the 28mm lens configuration, where slopes range from 1.18 to 3.12 and y-intercepts
fluctuate from 0.32 to 1.22 (Table 4.1). Insight into this issue can be gained by reviewing
the red edge and NIR response of both instruments at each sample location during the
day. The boxplots in Figure 4.9, depicting variance in reflectance values for each sample
location throughout the day, indicate NIR spectrometer values experienced a great deal of
variation and consistently fell below both camera values and expected reflectance from
an actively growing, vegetated surface (Jones and Vaughan 2010; McCoy 2005). A
review of the spectrometer spectra indicated that there was an inconsistent fluctuation in
NIR values in the 850-1000nm range (Figure 4.10). Such fluctuation likely resulted from
the sensor and, potentially, the fiber optic failure during data capture and would explain
the very different camera and spectrometer values seen in the 780-1000nm region.

Figure 4.9: Large differences in NIR values captured in the 780-1000nm region were seen when capturing
data in the 28mm lens configuration. Further investigation indicated this difference was likely due to
spectrometer and/or fiber optic failure in this portion of NIR. It is also apparent that camera variance is
greatly reduced when a reflectance reference is used within the image (samples 13-15 and 28-30).
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Figure 4.10: Spectrometer response during turf plot data capture indicates there were sensor
issues in the 850-1000nm wavelength range. This explains variation in slope and y-intercept
values with the 28mm lens combination and the relative lack of variation in the 50mm lens
combination, which focused on an unaffected region of NIR.

Less variation in slope and y-intercept was observed when looking at data
collected with the 50mm lens configuration (Table 4.2). This observation supports the
theory that spectrometer issues largely led to fluctuation in 28mm lens configuration
values, as the 780-790nm range of NIR light observed with the 50mm lens combination
does not appear to have been affected (Figure 4.10). It is noteworthy that relatively lower
r2 values were observed between instruments when measuring the 725-735nm red edge
and 780-790nm NIR bandwidths of light. Instrument variance associated with sample
location suggests this poorer relationship may stem from a relative lack of difference
between turf grass plots when viewed in these wavebands (Figure 4.11). This is
especially true in observing the 725-735nm red edge portion of the spectrum where little
mean variance is observed across turf grass samples, compared with the 680-725nm red
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edge range captured with the 28mm configuration (Figures 4.9 and 4.11). While NIR
response seemed to vary in both lens configurations, presumably due to a higher amount
of biomass supported by increased nitrogen, a relative lack of red edge variance would
reduce the coefficient of determination’s ability to determine the degree of instrument
similarity.
Another consideration when viewing the more consistent slope and y-intercept
values seen in the 50mm lens configuration comparison is a potential reduction in
bidirectional effects when using lenses with a greater focal length. Bidirectional effects
can be conceived as light coming of a surface with a directional component as well as
variations introduced by shadows and light scattering across a sensors field of view; all
three factors are likely to play a role in vegetated surfaces, such as the turf grass plots
(Jones and Vaughan 2010; McCoy 2005). Since bidirectional effects increase toward the
edges of the sensor’s field of view, it is likely that the smaller field of view of the 50mm
lenses would have reduced bidirectional effects in these images (Pellikka et al. 2000).

Figure 4.11: Variance in sample location using the 50mm lens configuration wavebands shows a
relative lack of response between samples when looking at the 725-735nm RE region. This lack of
variance reduces the coefficient of determination’s ability to distinguish the degree of similarity
between sensors. Camera value variance is greatly reduced in samples were taken from images with
a reference surface (samples 10 and 20).
42
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Relationships between the CIred edge measured with both consumer-grade camera
system and spectrometer highlight several important considerations for future research
and use in airborne applications, including: proper exposure settings, use of lens hoods,
and time-of-capture reflectance adjustment. During data capture, Bayer-filtered red
bands became saturated due to overexposure. While the camera’s Bayer-filtered, green
band provided a substitute in this study, future image saturation can be avoided by
ensuring camera exposure settings are placed in a range that would not overexpose the
camera’s red, green, and blue bands. Additionally, as was found in the filter transmission
results, using lens hoods to limit the amount of light entering the filter at odd angles
would help ensure only the bandwidths of interest are being captured. In the CIred edge
instrument comparison, it is noteworthy that the 50mm lens/filter combination did not use
lens hoods and exhibited less overall accuracy, especially at low solar angles. Future
research should consider the effect of lens hoods and the incidence angle of surface
lighting on instrument accuracy. Further consideration might also be given to the
possibility of mounting filters between the filter and the lens to determine if this reduces
angular lighting effects.
The results of this study also demonstrate how changing light conditions during
multi-image capture can reduce the accuracy of reflectance calculation and subsequently
calculated indices. Figures 4.9 and 4.11 demonstrate how sample variance is greatly
reduced within the image used to calculate reflectance from a reference surface; samples
13-15 and 28-30 were taken from this image in the 28mm configuration and samples 10
and 20 in the 50mm configuration. This finding supports field data collection
recommendations of Rundquist et al. (2014), who suggest that remote sensing
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instrumentation be calibrated as frequently as possible when operating in changing light
conditions. It is recommended that future research include reference surfaces within each
image when possible, or that a spectrometer be used to quantify irradiance during
capture, so that surface reflectance can be calculated for each image captured.
Findings from the CIred edge instrument comparison, with daily averaged r2 vales of
0.83 and 0.70 for the 28mm and 50mm lens/filter combinations (when the 0.01 outlier is
removed), indicate there is potential for the integration of consumer-grade camera
systems into many remote sensing applications, including: environmental monitoring,
precision agriculture, and remote sensing research. Consumer-grade camera systems,
mounted on sUAS or manned platforms, could potentially generate standardized data sets
to help monitor and quantify the effects of regionally changing climatic variables, such as
the onset of spring foliage or vegetation response to changes in temperature and
precipitation (Lucieer et al., 2012). Consumer-grade camera systems mounted on
airborne platforms could also be implemented within precision agriculture to help place
fertilizer, herbicide, and other inputs where needed during the growing season (Lan et al.,
2010; Yang et al., 2015). Research has suggested that generating variable-rate nitrogen
application maps from ground-based or airborne remote sensing data can increase
producers’ nitrogen use efficiency, effectively increasing profits while reducing ground
water contamination and greenhouse gas emissions resulting from excessive fertilizer
applications (Holland & Schepers, 2010; Quemada et al., 2014; Raun et al., 2002;
Robertson et al., 2013; Scharf et al., 2002; Solari et al., 2010; Wagner & Hank, 2013).
The cost-effective nature of consumer-grade camera systems, combined with their high
spatial and temporal resolution, provides an opportunity to bring remote sensing research
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to bear in today’s farming operations. These cost savings and increased spatial-temporal
resolutions would also benefit the remote sensing research community, where further
insight into the complexity of space-time effects on remotely sensed data could be
gained. With climate change affecting ecosystems at all scales, the ability to objectively
compare spatial-temporal data related to plant communities can provide insight into the
influence of changing environmental variables (Cleland et al., 2007; Field et al., 1995;
Yang et al., 2013).

CHAPTER FIVE CONCLUSIONS
This research was designed to determine the feasibility of using consumer-grade
cameras to measure surface reflectance in user-defined wavelengths, with the goal of
incorporating these sensors into manned and unmanned remote sensing applications.
Imagery from a consumer-grade camera system was calibrated using methods outlined by
previous research, adjusted to surface reflectance, and compared to reflectance values
obtained from a spectrometer in the same wavebands of interest. In both laboratory and
sunlit scenarios, camera system and spectrometer value comparison resulted in a r2 of
0.97 or better for all lens/filter combinations evaluated. The close association between
instrument-derived reflectance values suggests that consumer-grade cameras are capable
of accurately quantifying surface reflectance in user-defined wavelengths when the
proper equipment and processing techniques are utilized. Furthermore, the ability to
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collect accurate reflectance data indicates that such consumer-grade camera systems
could be incorporated into many advanced remote sensing applications and models.
To evaluate the camera system in a simulated airborne role, camera and
spectrometer values were captured over turf grass variable nitrogen calibration plots at
the University of Nebraska-Lincoln’s East Campus Turf Research Center and used to
calculate CIred edge, an index known for its close association to chlorophyll content
(Ciganda et al., 2009; Gitelson & Merzlyak, 1994; Hunt et al., 2013; Jones & Vaughan,
2010). Data collection took place under numerous solar zenith angles and changing sky
conditions, resulting in r2 values ranging from 0.49 to 0.96 when spectrometer CIred edge
values were compared to those of the camera system.

The high agreement seen in many

of the spectrometer and camera system comparisons illustrate how these systems could be
employed to quantify biophysical properties of interest in a host of airborne applications.
For example, knowledge of chlorophyll distribution in a given crop canopy has many
potential uses within precision agriculture as it is closely related to the crop’s nitrogen
status, an especially important consideration when developing variable-rate nitrogen
applications (Holland & Schepers, 2010; Quemada et al., 2014; Raun et al., 2002; Scharf
et al., 2002; Solari et al., 2010; Wagner & Hank, 2013). Where low r2 values were
observed between instruments, this could be attributed to numerous factors, including a
lack of lens hoods on the 50mm lens/filter combination, spectrometer errors in the case of
the 28mm lens NIR wavelengths, and lack of a reflectance standard in each image to
account for changing illumination during capture. Each of the fore mentioned issues
point to future consumer-grade camera research needs, where a better understanding
could lead to greater utility of these systems in airborne applications.
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Consumer-grade camera systems can be used to quantify surface reflectance in
user-defined wavelengths and used to calculate indices related to biophysical features of
interest. The ability of consumer-grade cameras to produce meaningful data has many
implications for the use of these systems in advanced remote sensing applications and
research. Consumer-grade camera systems will allow such work to be conducted with
the advantages of lower cost of image acquisition, increased ease of use, flexibility in
data acquisition, and potential integration with numerous platforms. Multispectral
consumer-grade camera systems can be obtained at a relatively low cost, and offer an
operational experience that many are familiar with, suggesting that these systems could
be more readily obtained and operated by users across numerous disciplines. The host of
camera bodies, lenses, filters, and accessories available for consumer-grade cameras
ensures that remote sensing professionals can configure these systems to collect data
suitable for a given task at hand, ranging from the collection of simple color imagery to
narrow bandwidth reflectance related to a given feature of interest. This configurability
also allows users to rapidly integrate new technology into their camera system, giving the
flexibility to field the best technology for a given remote sensing application. Finally, the
light weight offered by consumer-grade camera systems is ideally suited for deployment
on numerous manned and sUAS platforms. As airspace regulations continue to favor the
expanded use of sUAS in the United States, the increased spatial and temporal resolution
offered by camera systems mounted on these platforms has the potential to open a
plethora of new remote sensing research questions and applications.
As the world’s population continues to expand, there is an ever-increasing need to
monitor our impact on climatic variation and better manage the earth’s resources.
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Remote sensing has traditionally offered a way in which mankind can accomplish these
objectives, giving a non-destructive means of quantifying the variability experienced
across a given landscape in a time-efficient manner. The integration of consumer-grade
camera systems into remote sensing applications and research offers the potential to fill a
niche between ground based, in-situ, measurements and those made by satellite sensors
by providing a low-cost means of collecting multispectral imagery at very high spatial
and temporal resolutions. However, further research is needed on the ability of these
systems to provide meaningful data related to a given feature under investigation. Future
research should consider a systematic approach, where consumer-grade camera system
data collected from manned or sUAS platforms can be directly compared with the
features under investigation. Once the utility of consumer-grade camera systems can be
established within a remote sensing context, these systems can be used to change the way
science and industry approach the needs of humanity.
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